ABSTRACT: We describe the development of a comprehensive set of marine mammal habitat models for the US east coast and Gulf of Mexico and their delivery through an online mapping portal. Drawing from datasets in the online OBIS-SEAMAP geo-database, we integrated surveys conducted by ship (n = 36) and aircraft (n = 16), weighting a generalized additive model (GAM) by minutes surveyed within space−time grid cells to harmonize effort between the 2 survey platforms. For each of 16 cetacean species guilds, we predicted the probability of occurrence from static environmental variables (water depth, distance to shore, distance to continental shelf break) and time-varying conditions (monthly sea surface temperature). To generate maps of presence versus absence, receiver operator characteristic (ROC) curves were used to define the optimal threshold that minimizes false positive and false negative error rates. We integrated model outputs, including tables (species in guilds, input surveys) and plots (fit of environmental variables, ROC curve), into an online spatial decision support system (SDSS), allowing for easy navigation of models by taxon, region, season, and data provider. Users can define regions of interest and extract statistical summaries of the model for that region. The SDSS also displays density models from other providers and regions (e.g. Pacific Ocean). This versatile, easy-to-use online system enables the application of these habitat models to real-world conservation and management issues. Finally, we discuss the ecological relevance of these model outputs and identify key data gaps across species, regions, and seasons. 
INTRODUCTION
The ability to conserve and manage cetacean populations fundamentally depends upon describing their distribution in time and space. Human activities pose multiple threats to cetacean populations, such as fisheries bycatch and food depredation (Read 2008 , Moore et al. 2009 ), ship strikes (Laist et al. 2001) , anthropogenic noise (Weilgart 2007) , contaminants (O'Shea & Brownell 1994 , Aguilar et al. 2002 , and global warming (Learmonth et al. 2006 , Alter et al. 2010 . Relocating potentially harmful human activities away from known cetacean distributions is often the best way to minimize these threats (Dolman et al. 2009 ). Habitat models which relate past observations to the environment provide a predictive surface against which these management decisions can be made (Redfern et al. 2006) . The ability for species distribution models to inform conservation management of cetaceans is a major thrust and application of the present paper.
Our goal was to develop a data management, statistical modeling, and decision support system describing the habitat use of marine mammals along the US east coast and in the Gulf of Mexico. The system uses data on the distribution of marine mammals generated by dedicated surveys contained in the publicly available online OBIS-SEAMAP marine data archive (Halpin et al. 2009 ). As part of a larger Ocean Bio geographic Information System (OBIS), the Spatial Ecological Analysis of Megavertebrate Populations (SEAMAP) component focuses on marine mammal, seabird, and sea turtle collections. OBIS further propagates its observational data to the Global Biodiversity Information Facility (GBIF), which is inclusive of terrestrial biota. We aimed to use the greatest number of scientifically collected, publicly available data sets from both boat and plane survey platforms for modeling.
The literature on species distribution modeling is vast and has been thoroughly reviewed elsewhere , Cushman & Huettmann 2010 , Franklin & Miller 2010 . In ecological terms, the habitat modeled here is presumed to be the realized niche or the 'n-dimensional hypervolume' (Hutchinson 1957) . Interspecies competition and prey were not explicitly modeled, but expected to interplay with physiological constraints to produce this realized niche. Rather than a mechanistic model befitting a purely ecological understanding of the species distribution (Guisan & Zimmermann 2000) , these models provide a statistical correspondence to the environment intended for predictions relevant to marine spatial planning.
Species distribution models based on the underlying environment can predict outputs ranging from probability of occurrence estimated from opportunistic presence-only observations, such as with Maxent (Phillips & Dudik 2008) , to full-fledged heterogeneous maps of absolute abundance estimated from line transect surveys, such as with distance sampling and density surface modeling methodologies (Thomas et al. 2010) . Presence-only models require only observations and associated environmental data. In order to calculate density for classical line transect surveys, additional parameters must be estimated, such as the probability of encounter on the trackline and the effective strip width (Buckland et al. 2001) . These parameters often vary by species, region, platform, observing conditions, and even observer. Subsequently combining results from various platforms for the same species and region presents an unsolved problem with the density approach. On the other hand, presence-only models do not account for where the vessel visited and found no species. Instead, species habitat is differentiated by either generating random pseudo-absence data points or drawing from the entire range of environmental background within the study area (Phillips et al. 2009 , Ready et al. 2010 . Alternatively, where survey effort is recorded, presence and absences can be explicitly modeled from transect segments. In cases of poor sampling frequency or rare/cryptic species, as is common with marine fauna, this transect approach typically yields a vast majority of segments classified as absences. This well known statistical issue of 0 inflation makes model fitting problematic.
To resolve the issue of including survey effort absences without 0 inflation, we used a generalized additive modeling (GAM) framework with a grid over the study area, replicated by months surveyed. We segmented monthly survey tracklines by grid cells to calculate the minutes surveyed per space-time cell as our measure of survey effort. Only grid cells with survey effort were included in the fitting of the GAM. We modeled probability of presence as the response and applied minutes surveyed as the weight, similar to a sightings per unit effort (SPUE) ap proach. The North Atlantic Right Whale Consortium calculated effort for SPUE in km of trackline to pool survey platforms (Pittman et al. 2006 , Fonnesbeck et al. 2008 , Pershing et al. 2009 , Pittman & Costa 2010 . Elsewhere, units of time have been used (Tetley et al. 2008) .
Previous studies have attempted to elucidate relationships between marine mammal communities and their habitats within the US Exclusive Economic Zone (EEZ), which extends 200 nautical miles offshore (Reilly & Fiedler 1994 , Davis et al. 1998 , Hamazaki 2002 , Mullin & Fulling 2004 , Waring et al. 2009 ). Despite these preliminary studies, the relationship between many marine mammals and their habitats is still poorly understood and insufficient to predict their presence in particular areas.
Delivery of these models to end users engaged in marine spatial planning is best accomplished with an interactive mapping interface which enables indepth examination of model surfaces by species, region, and season. The ability to extract model output summaries for user-defined coordinates further enables the interface to readily evaluate environ-mental impacts for a proposed area of human activity. Ancillary information, such as input survey tracks and marine mammal sightings, along with descriptive model outputs are beneficial for a review of modeling details. Hence, all available model data and supporting information specific to an area of interest can be quickly tabulated, mapped, and incorporated into the marine spatial planning process.
Here we describe a GAM modeling framework which allows for effort-corrected incorporation of data sets from multiple platforms, the resulting ecological insights from the models, and the spatial decision support system to readily view them for practical management applications.
MATERIALS AND METHODS
The development of the marine mammal habitat models followed 5 general steps: (1) gathering sightings of marine mammals and associated survey effort; (2) sampling date-synchronous environmental data; (3) fitting multivariate statistical models to the data; (4) predicting habitat from the models across a seascape with time-specific environmental conditions; and (5) presentation of results within a spatial decision support system (SDSS).
Marine mammal surveys
Our study area encompasses the entire US EEZ along the Atlantic east coast and Gulf of Mexico, which corresponds to the strata for which the surveys were designed. We delineated 3 regions to allow for a hierarchical modeling approach: (1) Gulf of Mexico (GoM); (2) Southeast Atlantic US coast (SE); and (3) Northeast Atlantic US coast (NE; Fig. 1 ). These 3 regions were delineated based on the biogeography of the area (Ekman 1953 , Angel 1979 , MacLeod 2000 . The boundary between NE and SE corresponds to the separation be tween temperate and sub-tropical ecosystems at the point at which the Gulf Stream veers offshore of Cape Hatteras, North Carolina (Fig. 1) . We also combined the SE and NE into an east coast region (East) to test for a more robust model that includes more sightings based on model selection parameters (e.g. Akaike's information criterion, unbiased risk estimator, area under the receiver operating curve, and deviance explained). We also explored the effects of combining sightings from the entire study area (i.e. GoM and East) into a single model. We used the 5 m contour as the near-shore boundary and the EEZ as the offshore boundary, with some extensions to include US Navy operating areas.
Within the 3 regions, we searched the online OBIS-SEAMAP marine archive (http:// seamap. env. duke. edu) for marine mammal survey datasets (Halpin et al. 2009 ). We restricted our search to aerial and shipboard line-transect surveys of marine mammals, conducted primarily by NOAA researchers engaged in stock assessment surveys. These sightings were augmented by similar surveys conducted by academic researchers, using essentially the same protocols. All of these datasets quantified on-effort observation (i.e. survey tracks) and were collected by expert, professional observers; we did not use any opportunistic surveys. We restricted our search for marine mammal surveys to years after 1985, when the earliest sea surface temperature satellite records became available Gulf of Mexico (GoM), Southeast (SE) and Northeast (NE) Atlantic US coasts. The NE and SE regions combined make up the US east coast region (East).
The map projection is North America Albers Equal Area through the 4 km Advanced Very High Resolution Radiometer (AVHRR) Pathfinder Project (Kilpatrick et al. 2001) . Thus, the data we used to predict habitat suitability for marine mammals came from government agencies and academic institutions that contributed to OBIS-SEAMAP. The 2 primary data sources were marine mammal surveys conducted by the Northeast Fisheries Science Center (NEFSC) in Woods Hole, Massachusetts, and the Southeast Fisheries Science Center (SEFSC) in Miami, Florida. The surveys were conducted from 1991 to 2007 and covered the entire Atlantic US east coast and Gulf of Mexico. These are the most extensive marine mammal survey data sets available within the US east coast EEZ. All scientific surveys with standardized effort in the US east coast and Gulf of Mexico were pooled for analysis from OBIS-SEAMAP for a total of 11 006 unique marine mammal sightings between 1991 and 2006 across 52 datasets, of which 36 were by ship and 16 by aircraft (Table 1) .
Despite this compilation of data sets, sample sizes were inadequate to build separate habitat suitability models for each species, so we grouped species at various taxonomic levels to create species 'guilds.' Each guild was established using information on species distributions, interactions, and other expert knowledge. Each guild was compared to environmen tal ordination results for validation of its members (see Schick et al. 2011 for full details). The final cetacean guilds we used in models of habitat suitability include: baleen whale, humpback whale, right whale, beaked whale, sperm whale, Kogia spp., killer whale, pilot whale, Lagenorhynchus spp., common dolphin, spinner dolphin, striped dolphin, pantropical spotted dolphin, Atlantic spotted dolphin, bottlenose dolphin, and harbor porpoise (Table 2) .
Environmental data
For the 10 km 2 sampling grid across the study area, edge cells less than half the full size were removed. The centroids of these cells were then used to sample the underlying environmental data. The environmental data layers we used to construct the habitat models are a combination of static, dynamic, and derived variables, all of which have been shown to be useful predictor variables for marine mammal habitats (Redfern et al. 2006) .
For water depth, the General Bathymetric Chart of the Oceans (GEBCO; http://gebco.net) provides a 1 min global bathymetric surface. The 200 m contour from this grid is used for deriving distance from the continental shelf with the ArcGIS function EucDistance. The final static variable, distance from shore, is taken as the Euclidean distance from the NOAA Global Self-consistent, Hierarchical, High-resolution Shoreline Database (GSHHS, Wessel & Smith 1996;  http:// ngdc. noaa. gov/ mgg/ shorelines/ gshhs.html). All map layers were converted to the North American Albers Equal Area Conic projection to minimize map distortion and maximize the accuracy of distance calculations. Depth and distance from shore were log-transformed in the final model fitting to normalize the data.
Beyond sea surface temperature (SST), we wished to include chlorophyll a concentration and sea surface height, but in keeping with our desire to in clude as many datasets as possible for increased sample size, we limited our dynamic environmental data to SST, available since 1985 with AVHRR Pathfinder SST version 5 (http:// pathfinder. nodc. noaa. gov). By comparison, chlorophyll is only consistently available through Sea-viewing Wide Field-of-view Sensor (SeaWiFS; http:// oceancolor. gsfc. nasa. gov) since 1997, and sea surface height through the French project Archiving, Validation and Interpretation of Oceanographic Satellites (AVISO; www. aviso. oceanobs. com) since 1992. Use of chlorophyll or sea surface height would, therefore, have necessitated exclusion of surveys prior to 1997 and 1992, respectively. In order to minimize absence of SST caused by obscuring ephemeral clouds common in the shorterterm averaged products (i.e. daily and 8 d), we used the monthly nighttime SST product. Much of the data processing has been handled through the use of automated scripts, custom GIS tools (Roberts et al. 2010) , and geospatial web services which have been described elsewhere (Best et al. 2007 ).
Models were divided by the 4 seasons: winter (December to February), spring (March to May), summer (June to August), and fall (September to November). For the eastern regions (NE and SE), inclusion of latitude as a model predictor allowed fitting of known species range shifts. Marine mammal survey effort was not evenly distributed across seasons in the East and GoM regions (Fig. 1) . Data analysis and model selection were often limited to the summer season due to data limitations.
Modeling framework
A and the associated environmental data was used to fit a GAM using the mgcv package (Wood 2006) in the open-source R statistical platform (R Development Core Team 2008). We used a quasi-binomial distribution to model the binary response to allow for dispersion, i.e. many 0s or absences. Effort, applied as a GAM weight, was calculated as minutes spent observing within the given month divided by the area of the cell in km 2 . This weighting process allows datasets from both ship and aircraft to be utilized within the habitat modeling process, using time spent surveying as the common denominator.
A GAM allows for non-linear relationships, which can increase the predictive strength of the fit but also risks over-fitting the model and can introduce complexities not easily explained ecologically (Austin 2007) . Therefore, we restricted this spline-fitting process to 5 knots, or inflection points, and imposed a slightly greater penalty to extra knots with a gamma term of 1.4 over the default of 1.2 (Wood 2006) . A polynomial fit of 3 knots enables a parabolic response as would be expected to describe a preferred habitat peak decaying on either side. The extra 2 knots allow for dampened tails which can lessen extreme effects approaching the outer range of the environmental gam(presence ~ s(log(depth), k = 5, bs = 'ts') + s(d2shelf, k = 5, bs = 'ts') + s(log(d2coast), k = 5, bs = 'ts') + s(sst, k = 5, bs = 'ts'), family = quasibinomial(link = 'logit'), weights = effort, gamma = 1.4)
The multivariate regression model, once fitted, was then used to predict across the seascape study area using representative seasonal values. SST values were applied based on the median month of the fitted season (e.g. July for the summer season June through August) in the year 2007, being the nearest full year of data available at the time of analysis. Surfaces of standard error were produced for each model prediction. We also generated a binary representation by applying a threshold on the probability of occurrence resulting in polygons of habitat, differentiated from non-habitat. Receiver operating characteristic (ROC) curves were used to define an optimal threshold (Fielding & Bell 1997 ) which simultaneously minimized the false ab sence and false presence rates based on cross validation. We examined each model output for accuracy based on existing knowledge of species distributions, and GAM outputs, such as deviance explained. We first eliminated from consideration any models developed with fewer than 10 sightings. Second, each model was compared with primary literature regarding the distribution of species and guilds. This allowed us to identify models with highly erroneous predicted species distributions. Third, we examined models where some portion of the distribution had an especially high standard error. Finally, we reviewed the GAM results for each model, investigating the relationship between species distribution and each individual environmental parameter. Our review process allowed us to reject model outputs that were statistically weak or erroneous.
Spatial decision support system
To facilitate use of model outputs by environmental planners and researchers, we developed a flexible, interactive online interface. This browser-based SDSS enables viewing and extraction of original survey effort, marine mammal sightings, and model results (http:// seamap. env. duke. edu/ prod/ serdp/ serdp _map . php).
In the SDSS, the model outputs are structured in a hierarchy of guild, season, and region. A folder-like navigation menu helps users to find a model output of their interest with a backdrop of Google imagery (Fig. 2) . Upon selection of a particular model output, the mean prediction surface map layer is made visible. Ancillary support information is included in the information tabs below the mapping pane. The model description tab provides basic information such as the amount of survey effort, species in the guild, contributing datasets, GAM terms plots showing response curves for each predictor, and ROC plot determining the cutoff value for the binary habitat. Contributing datasets are linked to the OBIS-SEAMAP dataset record with the full metadata and download links for effort and sightings. The options button allows for alternatively mapping the standard error or binary habitat surfaces.
Contributing sightings and survey effort for the specific model can be overlaid from the toolbar checkboxes. The SDSS is built on a database that stores all sighting and survey effort data used in the calculations. Individual sightings and effort tracks can be clicked to bring up a balloon of details.
Among the more powerful features of the SDSS are its spatial subsetting capabilities (Fig. 3) . End users may be interested in obtaining model results for specific regions within the modeled areas. These regions can be defined with a variety of methods: dragging a bounding box, drawing a polygon, entering latitude and longitude coordinates of a polygon, or selecting from a pre-loaded polygon. Thirteen naval exercise areas are pre-loaded in the SDSS. Once the area is specified, sightings and tracks are spatially filtered. The statistics of the model output (minimum, maximum, mean) in that area are calculated and presented with a histogram of the probability of occurrence in the statistical summary tab below the map, giving the user fine-tuned supporting data for making planning decisions. Any customized map and calculated statistics can be saved and later restored with a unique identifier. This feature allows planners to easily share the same user-defined interactive map and summary statistics with others or simply use it as an archive for self-reference.
The SDSS also incorporates into its navigational menu 2 additional projects that estimated marine mammal densities based on NOAA surveys. In the first project, the NOAA Southwest Fisheries Science Center produced models (Forney et al. 2012) for the eastern tropical Pacific, California coastal ecosystem, and Hawaii. In the second project, the Navy operational area density estimates (NODEs) were generated by GeoMarine for the Gulf of Mexico (DON 2007a) and US Atlantic coast (DON 2007b,c) . These density estimates had more stringent data input requirements to account for detectability parameters. Where available, density is preferred. Otherwise probability of occurrence is still helpful for informing the distribution. All of the features de scribed above (polygon drawing, filtering, statistics with histograms) can be applied to these additional project model results in the same manner. For spatial subsets, instead of summarizing habitat, density is reported, allowing for estimated abundance of the specified area.
RESULTS
A total of 33 models passed the aforementioned criteria, with a maximum deviance explained of 62.3% (for humpback whales in the East during fall) and minimum of 6.6% (for Kogia spp. in the GoM for summer; Table 3 ). Ratios of presence to absence space−time cells ranged from 0.2 to 23.1%. The diagnostic plots of variable response and mapped surfaces (mean, standard error, and binary) are too numerous to report in this article, but can be found online in our SDSS for all models.
Seasonal data limitations
The majority of survey effort occurred in the summer (260 h) and spring (220 h) versus fall (69 h) and winter (73 h). For winter, only the bottlenose dolphin guild had at least 100 sightings, and 9 of the 16 guilds had fewer than 10 sightings. Fall had 4 guilds (humpback whale, harbor porpoise, Atlantic spotted dolphin, and bottlenose dolphin) with over 100 sightings, despite 4 h less survey effort than winter. The distribution of survey effort was also more widespread in the fall, likely capturing the broader migratory ranges of the animals. For summer, 11 of the 16 guilds had sightings in excess of 100, while only 4 guilds met the same criteria for spring. Species guilds with the lowest number of sightings across all seasons were either rare or cryptic: killer whale (n = 67), right whale (n = 77), spinner dolphin (n = 124), striped dolphin (n = 195), Kogia spp. (n = 205), and beaked whale (n = 251). Beaked whales are some of the most cryptic and rare species, hence the guild includes 10 beaked whale species (Table 2) . Since sightings were aggregated to a binomial response (present or absent) for a given cell in time (i.e. monthly) and multiple sightings could occur for the same cell and month, the number of space−time cells with species present (Table 3) is usually lower than the total number of sightings.
Gulf of Mexico
A total of 65 104.5 km (280.8 d) of survey tracks were available for model building in the GoM, all of which were from ship-based surveys. Nine guilds were modeled for this region: beaked whale, sperm whale, killer whale, Kogia spp., spinner dolphin, pantropical spotted dolphin, Atlantic spotted dolphin, striped dolphin, and bottlenose dolphin. Models for each guild successfully reached a model fit, i.e. 'converged,' in the summer season except for striped dolphin. Due to the shortage of data available, no models converged for the winter season, and only a few models during the fall and spring seasons. Even if a model converges, it should be evaluated for reasonableness against previously established habitat predictors from the literature and expert opinion.
The Atlantic spotted dolphin occurs primarily from the continental shelf waters (10−200 m deep) to the slope waters (< 500 m deep) in the Gulf of Mexico (Fulling et al. 2003 , Mullin & Fulling 2004 , and has been seen in the Gulf of Mexico in all seasons (Waring et al. 2009 ). The fall pantropical spotted dolphin model 9 Fig. 3 . Spatial subsetting of model results is enabled with polygon drawing tools or selection from pre-loaded US Navy training areas. Here, habitat for bottlenose dolphin Tursiops truncatus in summer for the Southeast (SE) region is displayed behind the selected Navy Charleston operation area. Summary statistics in the overlaid box for the subsetted polygon are based on sightings (turquoise circles), survey tracks (light gray lines), and model results (colored surface). Histograms of the region-specific model results and cumulative area (not pictured) are displayed below the 'Regional Statistics' tab. The map view such as the one shown here can be opened (folder icon) or saved (disk icon) from the toolbar using a generated identifier, making it easily redisplayable for the GoM shows the highest probability of suitable habitat along the entirety of the continental shelf within the model area. The GAM term plot of depth illustrates an affinity to shallower waters.
Sperm whales are present year round in the GoM (Hansen et al. 1996 , Mullin & Hoggard 2000 , Waring et al. 2009 ). Ship-based and aerial surveys indicate that sperm whales are widely distributed only in waters deeper than 200 m in the northern Gulf of Mexico (Waring et al. 2009 ); however, they aggregate around the continental shelf break and canyon re gions (Davis et al. 1998 , Jochens & Biggs 2003 . The summer sperm whale model for the GoM shows the probability of highest suitable habitat for sperm whales along the shelf break off the Mississippi delta, Desoto Canyon, and western Florida. The depth GAM plot indicates a negative response to shallow waters (<1000 m) and a positive response to deeper waters (>1000 m).
Although beaked whale sightings in the Gulf of Mexico are scarce, the species has been sighted in all seasons (Waring et al. 2009 ). They are widely distributed in the deeper waters of the GoM. The summer beaked whale model for the GoM shows highest probability of suitable habitat in the waters offshore of the shelf break in the central and western part of the model area. As shown in the GAM plot, depth was the only variable that produced a response, predicting suitable habitat in deeper waters. (Torres et al. 2005) . Bottlenose dolphin was modeled in the NE and SE, while harbor porpoise was only modeled in the NE. The East region represents the US east coast waters out to the EEZ. A further subdivision at Cape Hatteras differentiates between NE and SE. Models were selected for either the broader East or for NE and SE based on ability for the model to converge, variance explained, and a review of expert opinions in the literature.
The North Atlantic right whale Eubalaena glacialis occurs in the Gulf of Maine year round but is observed in large aggregations during spring and summer (Winn et al. 1986 , Baumgartner & Mate 2005 , Cole et al. 2007 ). The modeled summer habitat is consistent with decades of summer right whale sightings in the Gulf of Maine. Further, the GAM plots for the model demonstrate a strong response to depth and SST, which is consistent with the whale's well documented, discrete foraging grounds (Baumgartner et al. 2003) .
In the East, beaked whales are observed primarily offshore, along the continental shelf break (Waring et al. 2001 , Palka 2006 . This distribution is reflected in the summer GAM results which confirm a strong association with deep water habitat. The Highest probability of occurrence is just east of the shelf break, which corresponds well with the limited sighting data available for this deep foraging species.
Northeast (NE)
The distribution of harbor porpoises in the Gulf of Maine is well documented, especially during the summer months. In summer, harbor porpoises occur in the northern reaches of the Gulf of Maine in waters less than 150 m deep (Gaskin 1977 , Kraus et al. 1983 , Palka 1995 . The species proximity to shore and preference for shallow depths is reflected in the GAM plots for the summer habitat model.
There are 2 genetically distinct morphotypes of bottlenose dolphin Tursiops truncatus in US east coast waters (Duffield et al. 1983 ): offshore and coastal forms. The offshore form is generally distributed along the outer continental shelf, while the coastal form is continuously distributed along the US east coast from Florida to south of Long Island, New York (Waring et al. 2009 ). The spring bottlenose dolphin models in the NE represent suitable habitat for the coastal form only, as offshore data were not available for this guild. The GAM plots show a positive response to shallow waters and mid-latitudes.
Southeast (SE)
In the SE, the spring bottlenose dolphin model reflects habitat preference for the coastal form, as offshore data were not available for this guild. The GAM plots show a positive response to shallow waters. There is also a small positive re sponse to SST between approximately 16 and 21°C.
DISCUSSION
We constructed habitat suitability models for 16 guilds of marine mammals in the GoM (9 models) and US east coast (9 models in the East, 2 in the NE, 1 in the SE) regions during seasons (18 in summer, 7 in fall, 3 in winter, 5 in spring) with sufficient data (Table 3) . We believe these models will allow planning parties to assess the probability of occurrence for these marine mammal species over specific areas of future planning interest. For in stance, the US governmental Bureau of Ocean Energy Management, Regulation and Enforcement (BOEMRE) can use this information for assessing environmental impacts of siting an offshore renewable wind farm. Navy planners can determine appropriate places for ship shock trials which minimize impacts on endangered marine mammals.
After evaluating a variety of modeling approaches independently, we concur with Barlow et al. (2009, p. 92) that GAMs 'offer a robust framework for predictive modeling of cetacean density, as long as sufficient sightings of each species are available and the surveys adequately characterize the full range of ocean o graphic variability.' Emerging alternative species distribution modeling techniques, such as Maxent, boosted regression trees, random forests, and hierarchical Bayes, may increase predictive accuracy in the future ). Our models were constrained seasonally and geographically so as to be considered interpolations to unsampled but similar habitats, versus extrapolations to novel geographies and/or climates . Remotely sensed environmental data, such as SST, can be used effectively to predict the distribution and density of marine mammals at sea. As more marine mammal survey data become available to model with more recent remotely sensed imagery products, such as primary productivity and eddy kinetic energy, improvements should be made towards predictive accuracy and ecological inference of the underlying habitat drivers for species distributions.
Ideally, survey effort expended by multiple platforms will be applied within a full density modeling framework, not just predicting the probability of occurrence. The GAM weighting scheme used here to incorporate effort from ship and aerial surveys is a compromise of publicly available data and accessible modeling techniques for rapidly assessing the probability of occurrence. We are presently working on the full density modeling approach with a more complete dataset integrating different detection probabilities across platforms within a single predictive model fitting procedure.
Our incorporation of geospatial web services to gather the marine mammal datasets and remotelysensed environmental imagery enabled a standardized, automated approach. Since data were extracted through the OBIS-SEAMAP database, the underlying datasets are publicly available and well documented in accordance with the US Federal Geographic Data Committee standards, and extended with the Biological Profile to provide the text-searchable full taxonomic hierarchy fo all sighted species. These analyses are therefore repeatable and updatable as new data become integrated into OBIS-SEAMAP. The technical details and open philosophy of these metadata standards and data exchange across portals are discussed at length elsewhere (Halpin et al. 2006 , 2009 , Best et al. 2007 , Kot et al. 2010 ). In the future we hope to extend our modeling and delivery system to forecast cetacean habitats based on oceanographic model predictions.
Lack of data in certain seasons and regions severely limited construction of models for many marine mammal guilds. Such data gaps constrain the predictability of habitats, so should inform planning of future survey activities to fill in data on species environment associations in missing regions and times of the year (Kot et al. 2010) . Cetacean research has been given much attention in the Gulf of Maine and Gulf of Mexico in comparison with the area south of Cape Hatteras. Accordingly, differentiation of cetacean habitats could improve greatly with more surveys in the southeastern USA. In addition, we stress the need for more data collection outside of summer, which is the most commonly observed season be cause of preferred sighting conditions. In some cases, traditional line transect surveys can be conducted in other seasons to address this need. In other situations, it will be necessary to develop alternative methods of inferring species distributions using passive acoustic monitoring and other means. This will be a major challenge for our field in the coming decades.
Recent reviews of species distribution modeling in marine systems (Dambach & Rödder 2011 , Robinson et al. 2011 have highlighted the need to move beyond statistical associations and explicitly model ecological factors such as species interactions, physiological limits, and place-specific behavior (e.g. feeding, breeding, and migrating). This work provides a valuable baseline for improving upon these correlative models with additional process-based complexity in the future.
Our SDSS hosts the results of our modeling results, together with density model outputs from the Pacific (Barlow et al. 2009 ) and the NODE model outputs of spatial variation in marine mammal density in the Atlantic. These products are publicly available on the web in an interactive format that allows users to download model outputs, view input data, examine model diagnostics, and query data sets. This SDSS is especially relevant to any activities in which planning, permitting, assessing, or monitoring is related to the distribution of cetaceans.
Together with our colleagues from the Southwest Fisheries Science Center, we identified a variety of potential users: US Navy, Air Force, Coast Guard, Army Corps of Engineers, Minerals Management Service, National Science Foundation, National Mar ine Fisheries Service Science Centers and Regional Offices, universities, and oil exploration companies. Mil i tary exercises require environmental impact assessment in relation to cetaceans (Dolman et al. 2009 ). Facilities for offshore renewable energies, such as wind and wave, pose another modern potential impact on cetaceans (Dolman & Simmonds 2010) . Human use and impacts on the ocean continue to be on the rise, to which systematic planning under the auspices of 'ocean zoning' (Crowder et al. 2006 , Halpern et al. 2008 or 'marine spatial planning' (Douvere 2008) by the USA (Lubchenco & Sutley 2010) and internationally (Ardron et al. 2008 , Ehler & Douvere 2009 ) has been hailed as a comprehensive management solution. In order to best plan for such activities, there will be a continuing need to improve our models of the density and distribution of endangered species and to deliver model outputs online as real-time forecasts. 
